The use of explicit object detectors as an intermediate step to image captioning -which used to constitute an essential stage in early work -is often bypassed in the currently dominant end-to-end approaches, where the language model is conditioned directly on a midlevel image embedding. We argue that explicit detections provide rich semantic information, and can thus be used as an interpretable representation to better understand why end-to-end image captioning systems work well. We provide an in-depth analysis of end-to-end image captioning by exploring a variety of cues that can be derived from such object detections. Our study reveals that end-to-end image captioning systems rely on matching image representations to generate captions, and that encoding the frequency, size and position of objects are complementary and all play a role in forming a good image representation. It also reveals that different object categories contribute in different ways towards image captioning.
Introduction
Image captioning (IC), or image description generation, is the task of automatically generating a sentential textual description for a given image. Early work on IC tackled the task by first running object detectors on the image and then using the resulting explicit detections as input to generate a novel textual description, e.g. Yang et al., 2011) . With the advent of sequence-to-sequence approaches to IC, e.g. (Karpathy and Fei-Fei, 2015; Vinyals et al., 2015) , coupled with the availability of large image description datasets, the performance of IC systems showed marked improvement, at least according to automatic evaluation metrics like Meteor (Denkowski and Lavie, 2014) and CIDEr (Vedantam et al., 2015) .
The currently dominant neural-based IC systems are often trained end-to-end, using parallel (image, caption) datasets. Such systems are essentially sequential language models conditioned directly on some mid-level image features, such as an image embedding extracted from a pre-trained Convolutional Neural Network (CNN). Thus, they bypass the explicit detection phase of previous methods and instead generate captions directly from image features. Despite significant progress, it remains unclear why such systems work. A major problem with these IC systems is that they are less interpretable than conventional pipelined methods which use explicit detections.
We believe that it is timely to again start exploring the use of explicit object detections for image captioning. Explicit detections offer rich semantic information, which can be used to model the entities in the image as well as their interactions, and can be used to better understand image captioning.
Recent work (Yin and Ordonez, 2017) showed that conditioning an end-to-end IC model on visual representations that implicitly encode object details yields reasonably good captions. Nevertheless, it is still unclear why this works, and what aspects of the representation allow for such a good performance. In this paper, we study end-to-end IC in the context of explicit detections (Figure 1 ) by exploring a variety of cues that can be derived from such detections to determine what information from such representations helps image captioning, and why. To our best knowledge, our work is the first experimental analysis of end-to-end IC frameworks that uses object-level information that is highly interpretable as a tool for understanding such systems. Our main contributions are as follows:
1. We provide an in-depth analysis of the performance of end-to-end IC using a simple, yet effective 'bag of objects' representation that is interpretable, and generates good captions despite being low-dimensional and highly sparse (Section 3). 2. We investigate whether other spatial cues can be used to provide information complementary to frequency counts (Section 3). 3. We study the effect of incorporating different spatial information of individual object instances from explicit detections (Section 4). 4. We analyze the contribution of the categories in representations for IC by ablating individual categories from them (Section 5).
Our hypothesis is that there are important components derived from explicit detections that can be used to effectively inform IC. Our study confirms our hypothesis, and that features such as the frequency, size and position of objects all play a role in forming a good image representation to match their corresponding representations in the training set. Our findings also show that different categories contribute differently to IC, and this partly depends on how likely they are to be mentioned in the caption given that they are depicted in the image. The results of our investigation will help further work towards more interpretable image captioning.
Related work
Early work on IC apply object detectors explicitly on an image as a first step to identify entities present in the image, and then use these detected objects as input to an image caption generator. The caption generator typically first performs content selection (selecting a subset of objects to be described) and generates an intermediate representation (e.g. semantic tuples or abstract trees), and then performs surface realization using rules, templates, n-grams or a maximum entropy language model. The main body of work uses object detectors for 20 pre-specified PASCAL VOC (Visual Object Classes) (Everingham et al., 2015 ) (Yang et al., 2011; , builds a detector inferred from captions (Fang et al., 2015) , or assumes gold standard annotations are available (Elliott and Keller, 2013; Yatskar et al., 2014) .
Currently, deep learning end-to-end approaches dominate IC work (Donahue et al., 2015; Karpathy and Fei-Fei, 2015; Vinyals et al., 2015) . Such approaches do not use an explicit detection step, but instead use a 'global' image embedding as input (generally a CNN) and learn a language model (generally an LSTM) conditioned on this input. Thus, they are trained to learn image caption generation directly from a parallel imagecaption dataset. The advantage is that no firm decisions need to be made about object categories. However, such approaches are hard to interpret and are dataset dependent (Vinyals et al., 2017) .
Some recent work use object-level semantics for end-to-end IC (Gan et al., 2017; Wu et al., 2016; You et al., 2016) . Such systems represent images as predictions of semantic concepts occurring in the image. These predictions, however, are at a global, image level ("does this image contain a chair?"), rather than at object instance level ("there is a big chair at position x"). In addition, most previous work regard surface-level terms extracted directly from captions as 'objects', while we use off-the-shelf predefined object categories which have a looser connection between the image and the caption (e.g. objects can be described in captions using different terms, depicted objects might not be mentioned in captions, and captions might mention objects that are not depicted). Yin and Ordonez (2017) propose conditioning an end-to-end IC model on information derived from explicit detections. They implicitly encode the category label, position and size of object instances as an 'object-layout' LSTM and condition the language model on the final hidden state of this LSTM, and produce reasonably good image captions based only on those cues, without the direct use of images. Our work is different in that we feed information from explicit object detections directly to the language model in contrast to an object-layout LSTM which abstracts away such information, thereby retaining the interpretability of the input image representation. This gives us more control over the image representation which is simply encoded as a bag of categorical variables.
There is also recent work applying attentionbased models (Xu et al., 2015) on explicit object proposals (Anderson et al., 2018; Li et al., 2017) , which may capture object-level information from the attention mechanism. However, attention-based models require object information in the form of vectors, whereas our models use information of objects as categorical variables which allow for easy manipulation but are not compatible with the standard attention-based models. The model that we use, under similar conditions (i.e. under similar parametric settings), is comparable to the state-of-the-art models.
Bag of objects
We base our experiments on the MS COCO dataset (Lin et al., 2014) . From our preliminary experiments, we found that a simple bag of object categories used as an image representation for end-to-end IC led to good scores according to automatic metrics, comparable to and perhaps even higher than those using CNN embeddings. This is surprising given that this bag of objects vector is low-dimensional (each element represents the frequency of one of 80 COCO categories) and sparse (mainly zeros, as only a few object categories tend to occur in a given image). In simple terms, it appears that the IC model can generate a reasonable caption by merely knowing what is in the image, e.g. that there are three persons, three benches and a bicycle in Figure 1 .
This observation raises the following questions. What is it in this simple bag of objects representation that contributes to the surprisingly high performance on IC? Does it lie in the frequency counts? Or the choice of categories themselves? It is also worth noting that the image captions in COCO were crowd-sourced independent of the COCO object annotations, i.e. image captions were written based only on the image, without object-level annotations. The words used in the captions thus do not correspond directly to the 80 COCO categories (e.g. a cup may not be mentioned in a description even though it is present in the image, and vice versa, i.e. objects described in the caption may not correspond to any of the categories).
In order to shed some light into what makes bag of object categories representations work so well for IC, we first investigate whether the frequency counts is the main contributor. We then proceed to studying what else can be exploited from explicit object detections to improve on the bag of objects model, for example the size of object instances. We also perform an analysis on these representations to gain more insights into why the bag of objects model performs well.
Image captioning model
Our implementation is based on the end-to-end approach of Karpathy and Fei-Fei (2015) . We use an LSTM (Hochreiter and Schmidhuber, 1997) language model as described in Zaremba et al. (2014) . To condition the image information, we first perform a linear projection of the image representation followed by a non-linearity:
where
representation, W ∈ R n×d is the linear transformation matrix, σ is the non-linearity. We use Exponential Linear Units (Clevert et al., 2016) as the non-linear activation in all our experiments. We initialize the LSTM-based caption generator with the projected image representation, x.
Training and inference. The caption generator is trained to generate sentences conditioned on x. We train the model by minimizing the crossentropy, i.e. the sentence-level loss corresponds to the sum of the negative log likelihood of the correct word at each time step:
where Pr (S|x; θ) is the sentence-level loss con-ditioned on the image feature x and Pr(w t ) is the probability of the word at time step t. This is trained with standard teacher forcing as described in , where the correct word information is fed to the next state in the LSTM. Inference is usually performed using approximate techniques like beam search and sampling methods. As we are mainly interested in studying different image representations, we focus on the language output that the models can most confidently produce. In order to isolate any other variables from the experiments, we generate captions using a greedy arg max approach. We use a 2-layer LSTM with 128-dimensional word embeddings and 256-dimensional hidden dimensions. As training vocabulary we retain only words that appear at least twice. We provide details about hyperparameters and tuning in Appendix A.
Visual representations
The first part of our experiments studies the role of frequency counts of the 80-dimensional bag of objects representation. We explore the effects of using the following variants of the bag of objects representation: (i) Frequency: The number of instances per category; (ii) Normalized: The frequency counts normalized such that the vector sums to 1. This represents the proportion of object occurrences in the image; (iii) Binarized: An object category's entry is set to 1 if at least one instance of the category occurs, and 0 otherwise. explore various factors that dictate what objects are mentioned in image descriptions, and found that object size and its position relative to the image centre are important. Inspired by these findings, we explore alternative representations based on these cues: (i) Object size: The area of the region provided by COCO, normalized by image size; we encode the largest object if multiple objects occur for the same category (max pooling). (ii) Object distance: The Euclidean distance from the object bounding box centre to the image centre, normalized by image size; we encode the object closest to the centre if multiple instances occur (min pooling). We also explore concatenating these features to study their complementarity.
Finally, we study the effects of removing information from the bag of objects representation. More specifically, we compare the results of retaining only a certain number of object instances Table 1 : CIDEr scores for image captioning using bag of objects variants as visual representations. We compare the results of using ground truth annotations (GT) and the output of a detector (Detect). As comparison we also provide, in the first row, the results of using a ResNet-152 POOL5 CNN image embedding with our implementation of an end-to-end IC system.
in the frequency-based bag of objects representation, rather than representing an image with all objects present. We experiment with retaining only the frequency counts for one object category and 25%, 50%, and 75% of object categories; the remaining entries in the vector are set to zero. The object categories to be retained are selected, per image: (i) randomly; (ii) by the N % most frequent categories of the image; (iii) by the N % largest categories of the image; (iv) by the N % categories closest to the centre of the image. We performed these evaluations based on (i) ground truth COCO annotations and (ii) the output of an off-the-shelf object detector (Redmon and Farhadi, 2017 ) trained on 80 COCO categories. With ground truth annotations we can isolate issues stemming from incorrect detections.
Experiments
We train our models on the full COCO training set, and use the standard, publicly available splits 1 of the validation set as in previous work (Karpathy and Fei-Fei, 2015) for validation and testing (5,000 images each). We use CIDEr (Vedantam et al., 2015) -the official metric for COCO -as our evaluation metrics for all experiments. For completeness, we present scores for other common IC metrics in Appendix B. Table 1 shows the CIDEr scores of IC systems using variants of the bag of objects representation, for both ground truth annotations and Using spatial information (size or distance) also proved useful. Encoding the object size in place of frequency gave reasonably better results over using object distance from the image centre. We can conclude that the size and centrality of objects are important factors for captioning, with object size being more informative than position.
We also experimented with different methods for aggregating multiple instances of the same category, in addition to choosing the biggest instance and the instance closest to the image centre. For example, choosing the smallest instance (min pooling) or the instance furthest away from the image centre (max pooling), or just averaging them (mean pooling). Table 2 shows the results. For object size, the findings are as expected: Smaller object instances are less important for IC, although averaging them works comparably well. Surprisingly, in the case of distance, using the object furthest from the image centre actually gave slightly better results than the one closest. Further inspection revealed that aggregating instances is not effective in some cases. We found that the positional information (and interaction with other objects) captured by the object further away may sometimes represent the semantics of the image better than the object in the centre of the image. For example, in Figure 2 , encoding only the position of the person in the middle will result in the Obj. min distance:
• a man in a kitchen preparing food in a kitchen . Obj. max distance:
• a group of people standing around a kitchen counter .
Figure 2: Example where encoding the distance of the object furthest away (solid green) is better than that of the one closest to the image centre (dashed red). The IC model assumes that only one person is in the middle in the former case, and infers that many people may be gathered around a table in the latter.
representation being similar to other images with only one person in the centre of the image (and also on a kitchen counter). Representing the person as the one furthest from the image will result in some inference (from training data) that there could be more than one person in the image sitting around the kitchen counter rather than a single person standing at the kitchen counter.
The combination of results (bottom row of Table 1) shows that the three features (frequency, object max size and min distance) are complementary, and that combining any pair gives better CIDEr scores than each alone. The combination of all three features produces the best results. These results are interesting, as adding spatial information of even just one object per category can produce a better score. This has, to our knowledge, not been previously demonstrated. The performance of using an explicit detector rather than ground truth annotations is poorer, as expected from noisy detections. However, the overall trend generally remains similar, except for the combination of all three features which gave poorer scores.
Finally, Figure 3 shows the results of partially removing or masking the information captured by the bag of object representation (frequency). As expected, IC performance degrades when less than 75% of information is retained. The performance of the system where the representation is reduced using frequency information suffers the most (even worst than removing categories randomly), suggesting that frequency does not correspond to an object category's importance, i.e. just because there is only one person in the image does not mean that it is less important than the ten cars depicted. On the other hand, object size correlates with object importance in IC, i.e. larger objects are more important than smaller objects for IC: The performance does not degrade as much as removing categories by their frequency in the image.
Analysis
We hypothesize that the bag of objects representation performs well because it serves as a good representation for the dataset and allows for better image matching. One observation is that the category distribution between the training and test sets are very similar (Figure 4) , thus increasing the chance of the bag of objects representation producing a close match to one in the training set. From this observation, we posit that end-to-end IC models leverage COCO being repetitive to find similar matches for a test image to a combination of images in the training set. Further investigation on the category distribution (e.g. by splitting the dataset such that the test set contains unseen categories) is left for future work.
k-Nearest neighbour analysis. We further investigate our claim that end-to-end IC systems essentially perform complex image matching against the training set with the following experiment. The idea is that if the IC model performs some form of image matching and text retrieval from the training set, then the nearest neighbour (from training) of a test image should have a caption similar to the one generated by the model. However, the model does not always perform text retrieval as the LSTM is known to sometimes generate novel captions, possibly by aggregating or 'averaging' the captions of similar images and performing some factorization. We first generate captions for every training image using the bag of ob- jects model (with ground truth frequency counts). We then compute the k-nearest training images for each given test image using both the bag of objects representation and its projection (Eq. 1). Finally, we compute the similarity score between the generated caption of the test image against all knearest captions. The similarity score measures how well a generated caption matches its nearest neighbour's captions. We expect the score to be high if the IC system generates an image similar to something 'summarized' from the training set. As reported in Table 3 , overall the captions seem to closely match the captions of 5 nearest training images. Further analysis showed that 2301 out of 5000 captions had nearest images at a zero distance, i.e., the same exact representation was seen at least 5 times in training (note that CIDEr gives a score of 10 only if the test caption and all references are the same). We found that among the non-exact image matches, the projected image representation better captures candidates in the training set than bag of objects. Figure 5 shows the five nearest neighbours of an example nonexact match and their generated captions in the test person (5), cup (8), spoon (1), bowl (8), carrot (10), chair (6), dining projection space. Note that the nearest neighbours are an approximation since we do not know the exact distance metric derived from the LSTM. We observe that the captions for unseen representations seem to be interpolated from multiple neighbouring points in the projection space, but further work is needed to analyze the hidden representations of the LSTM to understand the language model and to give firmer conclusions.
Spatial information on instances
Here we further explore the effect of incorporating spatial information of object detections for IC. More specifically, we enrich the representations by encoding positional and size information for more object instances, rather than restricting the encoding to only one instance per category which makes the representation less informative.
Spatial representation
We explore encoding object instances and their spatial properties as a fixed-size vector. In contrast to Section 3, we propose handling multiple instances of the same category by encoding spatial properties of individual instances rather than aggregating them as a single value. Each instance is represented as a tuple (x, y, w, h, a) , where x and y are the coordinates of the centre of the bounding box and are normalized to the image width Table 4 : CIDEr scores for image captioning using representations encoding spatial information of instances derived from ground truth annotations, with either fixed hyperparameters (Section 3.1) or with hyperparameter tuning. † Results taken from (Yin and Ordonez, 2017) .
and height respectively, w and h are the width and height of the bounding box respectively, and a is the area covered by the object segment and normalized to the image size. Note that w × h ≥ a (box encloses the segment). We assume that there are maximum 10 instances per vector, and instances of the same category are ordered by a (largest instance first). We encode each of the 80 categories as separate sets. Non-existent objects are represented with zeros. The dimension of the final vector is 4000 (80 × 10 × 5). We also perform a feature ablation experiment to isolate the contribution of different spatial components.
Experiments
All experiments in this subsection use ground truth annotations -we expect the results of using an object detector to be slightly worse but in most cases follow a similar trend, as shown in the previous section. Table 4 shows the CIDEr scores using the same setup as Section 3, but using representations with spatial information about individual object instances. Encoding spatial information led to substantially better performance over bag of objects alone. Consistent with our previous observation, w and h (bounding box width and height) seems to be the most informative feature combination -it performs well even without positional information. Area (a) is less informative than the combination of w and h, possibly because it compresses width-height ratio information despite discarding noise from background regions. Positional information (x, y) does not seem to be as informative, consistent with observations from previous work (Wang and Gaizauskas, 2016) . The last column in Table 4 shows the CIDEr
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Image ID: 378657
Objects in the image person, clock
Representation Caption
Frequency a large clock tower with a large clock on it . Object min distance a clock tower with a large clock on it 's face . Object max size a man standing in front of a clock tower . All three features a clock tower with people standing in the middle of the water . (x, y) a large clock tower with a clock on the front . (w, h) a clock on a pole in front of a building (a) a large clock tower with people walking around it (x, y, w, h, a) a group of people standing around a clock tower .
CNN (ResNet-152) a large building with a clock tower in the middle of it . person removed a clock tower with a weather vane on top of it .
Figure 6: Example captions with different models. The models with explicit object detection and additional spatial information ((x, y, w, h, a) ) are more precise in most cases. The output of a standard ResNet-152 POOL5 is also shown, as well as that of the model where the most salient category -person -is removed from the feature vector. More example outputs are available in Appendix C.
scores when training the models by performing hyperparameter tuning during training. We note that the results with our simpler image representation are comparable to the ones reported in Yin and Ordonez (2017) , which use more complex models to encode similar image information. Interestingly, we observe that positional information (x, y) work better than before tuning in this case. Example outputs from the models in Sections 3 and 4 can be found in Figure 6 .
Importance of different categories
In the previous sections, we explore IC based on explicit detections for 80 object categories. However, not all categories are made equal. Some categories could impact IC more than others . In this section we investigate which categories are more important for IC on the COCO dataset. Our category ablation experiment involves removing one category from the 80-dimensional bag of objects (ground truth frequency) representation at a time, resulting in 80 sets of 79D vectors without each ablated category.
We postulate that salient categories should lead to larger performance degradation than others. However, what makes a category 'salient' in general (dog vs. cup)? We hypothesize that it could be due to (i) how frequently it is depicted across images; (ii) how frequently it is mentioned in the captions when depicted in the image. To quantify these hypotheses, we compute the rank correlation between changes in CIDEr from removing the category and each of the statistic below:
frequency of the ablated category c being annotated among N images in the training set, where C i is the set of all categories annotated in image i, and 1(x) is the indicator function.
f (vc) : proportion of ablated category being mentioned in any of the reference captions given that it is annotated in the image in the training set. For determining whether a depicted category is mentioned in the caption, the matching method described in Ramisa et al. (2015) is used to increase recall by matching category labels with (i) the term themselves; (ii) the head noun for multiword expressions; (iii) WordNet synonyms and hyponyms. We treat these statistics as an approximation because of the potential noise from the matching process, although it is clean enough for our purposes.
We have also tried computing the correlation with f (t c ) (frequency of the category being mentioned regardless of whether or not it is depicted). However, we found the word matching process too noisy as it is not constrained or grounded on the image (e.g. "hot dog" is matched to the dog category). Thus, we do not report the results for this. Figure 7 shows the result of the category ablation experiment. Categories like train, sandwich, person and spoon led to the largest drop in CIDEr scores. On the other end, categories like surfboard, carrot and book can be removed without negatively affecting the overall score.
Experiments
By comparing the CIDEr score changes against the frequency counts of object annotations in the training set (top row), there does not seem to be a clear correlation between depiction frequency and CIDEr. Categories like bear are infrequent but led to a large drop in score; likewise, chair and dining table are frequent but do not affect the results as negatively. In contrast, the frequency of a category being mentioned given that it is depicted is a better predictor for the changes in CIDEr scores in general (middle row). Animate objects seem to be important to IC and are often mentioned in captions . Interestingly, removing spoon greatly affects the results even though it is not frequent in captions. Table 5 presents the rank correlation (Spearman's ρ and Kendall's τ , two-tailed test) between changes in CIDEr and the two heuristics. While both heuristics are positively correlated with the changes in CIDEr, we can conclude that the frequency of being mentioned (given that it is depicted) is better correlated with the score changes than the frequency of depiction. Of course, the categories are not mutually exclusive and object co-occurrence may also play a role. However, we leave this analysis for future work. Figure 6 shows an example when the category person is removed from the feature vector. Here, the model does not generate any text related to person, as the training set contains images of clocks without people in it.
Conclusions
In this paper we investigated end-to-end image captioning by using highly interpretable representations derived from explicit object detections. We provided an in-depth analysis on the efficacy of a variety of cues derived from object detections for IC. We found that frequency counts, object size and position are informative and complementary. We also found that some categories have a bigger impact on IC than others. Our analysis showed that end-to-end IC systems are image matching systems that project image representations into a learned space and allow the LSTM to generate captions for images in that projected space.
Future work includes (i) investigating how object category information can be better used or expanded to improve IC; (ii) analyzing end-to-end IC systems by using interpretable representations that rely on other explicit detectors (e.g. actions, scenes, attributes). The use of such explicit information about object instances could help improve our understanding of image captioning. Tables 6 and 7 show the results of several of our experiments with the most common metrics used in image captioning: BLEU, Meteor, ROUGE L , CIDEr and SPICE. Figure 8 gives a high resolution version of Figure 4 , showing the similarity between train and test distributions in terms of object categories. Figure 9 shows example images from COCO and the output captions from different models. We compare the outputs of selected models from Sections 3 and 4, and a model where the person category is removed from the input vector (Section 5). Figure 10 shows the five nearest neighbours in the training set of each non-replica example from the test set (where the exact ground truth frequency representation does not occur in training). See Section 3.4 for a more detailed description of the experiment. 
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